Multiobjective reservoir operations are generally complex, as they are often associated with a large quantity of uncertain factors in combination with noncommensurable objectives. In this study, fuzzy-state stochastic dynamic programming (FSDP) and multicriteria decision-making 
D
Alternatives decision set The presence of conflicting and incommensurable objectives affecting different groups of people or interests forms the basic problem in multiobjective optimizations (Chen et al. 2007) . The resolution of the problem is quite a challenge, particularly when system managers fail to perceive the tradeoffs among the several purposes, given the existing conditions relevant to system operation (Yeh & Becker 1982) . Attempts to commensurate all objectives into monetary units have had limited success, partially due to the difficulty in placing economic values on objectives such as environmental quality, flood damage reduction, projected revenue and other intangible cost and benefit items. In addition, the transformation of objectives into monetary functions is often unrealistic because of the relative scarcity of the desirable data.
In reality, it may be possible for some or all of the planning objectives to be vague and so imprecise handling of which by precise mathematical frameworks may not seem to be rational. Fuzzy set theory (FST) as a tool for dealing with vague objects and approximate reasoning has been extensively considered (Fontane et al. 1997; Owen et al. 1997; Tilmant et al. 2002a,b; Chaves & Kojiri 2003 ).
The precise quantification of system performance criteria and parameter and decision variables may not always be possible, nor is it always necessary. When the values of variables cannot be precisely specified, they are said to be uncertain or fuzzy. If the values are uncertain, probability distributions may be used to quantify them. Statistical uncertainties are related to the randomness nature of some variables, which can be estimated by statistical and probability theory over historical data. Alternatively, if they are best described by qualitative adjectives, fuzzy membership functions can be used to quantify them. The membership functions whose value ranges between 0 and 1 represent the degree to which the state of the system satisfies a specific criterion. The latter cases are subject to non-statistical uncertainties which cannot be estimated with statistically based methods (Loucks & Van Beek 2005) .
Uncertainty may be classified as (1) knowledge uncertainty, (2) natural uncertainty and (3) decision uncertainty (Loucks & Van Beek 2005) . Under natural uncertainty one may refer to temporal variability and spatial variability.
Decision uncertainty, on the other hand, consists of uncertainties in goal objectives and value preferences.
Therefore, both probability distributions and fuzzy membership functions of these uncertain or qualitative variables can be included in quantitative optimization models. This paper attempts to address uncertainty in random inflow to the reservoir and decision uncertainty regarding goal objective and value preferences. Preference-based membership functions are a suitable tool for cases where the priority of objectives are not clear and the decision-making process relies mainly on the subjective preferences of the decision-maker (Karamouz et al. 2005) .
Complexities due to the presence of intangible and incommensurable objectives can also be interpreted as economic uncertainties in the reservoir operation problem.
But in reservoir systems, uncertainty due to stochasticity of inflows may be regarded as the most important source of uncertainty which has been extensively investigated employing implicit and explicit stochastic optimization models (Stedinger et al. 1984; Kelman et al. 1990; Fontane et al. 1997; Kim & Heo 2000; Celeste et al. 2009 ). Implicit stochastic optimization models deal with the uncertain inflows by generating a large number of possible scenarios.
On the other hand, explicit stochastic optimization models directly embed the probabilistic descriptions of random streamflows into the model structure (Labadie 2004) . It is often required in real-world reservoir operation problems to forecast inflows to the reservoir and thus the system operation would be under forecast uncertainty. Most of the explicit stochastic optimization models, although they consider inflows as stochastic processes, assume perfect statistical information and uncertainties associated with inflow forecasts are disregarded (Karamouz & Mousavi 2003) . Nevertheless some researchers consider the forecast uncertainty in inflow forecasting processes (Stedinger et al. 1984; Kelman et al. 1990; Karamouz & Vasiliadis 1992; Karamouz & Mousavi 2003) .
Statistical and probability theory has successfully been applied in optimal operation of reservoirs to tackle the statistical uncertainties due to randomness. But very often uncertainties in models may not be described by random numbers with defined probability density functions (PDFs). Some features of this type of model uncertainties are addressed by Akter & Simonovic (2004) . They used FST to model uncertainties involved in the expression of reservoir penalty functions and target releases. et al. (2004a,b) , by introducing fuzzy-state stochastic dynamic programming (FSDP), showed how to capture imprecision caused in the model by discretization of state variables using fuzzy interval classes.
Mousavi
In this paper fuzzy state stochastic dynamic programming and multicriteria decision-making models are integrated to derive operating rules for a multipurpose reservoir system addressing uncertainties due to random inflows, error of discritization and imprecise objectives. 
MULTICRITERIA DECISION-MAKING (MCDM) MODEL
Multicriteria decision analysis is a methodology commonly used to aid the decision-makers to facilitate stakeholder participation and collaborative decision-making. The assignment of monetary values to environmental or social criteria is not mandatory; therefore, it allows the consideration of multiple criteria in incommensurable units (Hyde et al. 2004) . During the past few decades, a significant increase in multi-criterion decision-making methods in water resources management has been seen ( Therefore, the following fuzzy number is used for jth alternative evaluation with regard to criterion c i as follows:
It should be noted that a fuzzy number is a specific fuzzy set that is a pair of x defined on a closed interval and
in (1) are evaluated using the utility function of the ith quantitative criterion reflecting a decision-maker's preferences. Consideration of all criteria and alternatives forms the following fuzzy decision matrix:
The jth column of the matrix represents the utility degree of alternative d j with respect to all criteria:
The decision-maker may consider different weights for different criteria in an MCDM problem. 
where symbols % and * stand for fuzzy summation and fuzzy subtraction, respectively. In this formulation, g is the function resulted from Equation (5) interval of final reservoir storage ( j ¼ 1, … ,NS), p t l;ll ¼ transition probability value from lth class of inflow in period t to llth class of inflow in period t þ 1, u j (t,k,l) ¼ immediate return from system operation during period t, f p n ðS t ðkÞ;Ĩ t ðlÞÞ ¼optimum value of expected cumulative return from current period t to the end of the planning horizon for the vector of state variables (k,l),R t ¼turbine release during period t,W t ¼spill,ẽ t ðS t ðkÞ;S tþ1 ðjÞÞ ¼ reservoir evaporation,Ẽ t ¼energy generated, h t ¼ effective average head on turbines,h t ¼power plant efficiency, R min /R max ¼ minimum/maximum allowable turbine release and S min /S max ¼ minimum/maximum storage volume of reservoir.
As storage volume and inflow to the reservoir are fuzzy, To evaluate the optimal policies obtained from the FSDP model, a fuzzy simulation model is used. In this model, the actual release from the reservoir is calculated by aggregating the consequence parts of the fuzzy rules that can be adopted partially to the initial state of the reservoir system. In other words, once the initial storage S t and inflow I t as premise variables of fuzzy rules become known at the beginning of any time period t, the release R t is determined by aggregating the consequences of the adopted fuzzy rules to that premise value. In fact, depending on S t and I t values, the relevant rules are fired. The degree of fulfillment (DOF) or firing strength of the state vector (S t ,I t ) with respect to the ith rule is defined as DOF r ðS t ; I t Þ ¼ mS t ðkÞ ðS t Þ·m~I t ðlÞ ðI t Þ ð 12Þ
Then release R t for a given state vector is determined as
where R r is the defuzzified value of the fuzzy release of the rth rule. Having the reservoir release computed from Equation (13), one can calculate the final storage volume through a balance equation and the procedure is repeated until the end of the simulation horizon whose performance criteria such as vulnerability, reliability and resiliency can be estimated based on the results.
BEGIN Calculate the transition probabilities for each period t END BEGIN ("Optimization process for n = 1 and t = T")
For k = 1 to NS For l = 1 to NI For j = 1 to NS Determine the degree of satisfaction of each criterion using the corresponding utility function Call MCDM model to calculate u j (t,k,l)
End j
Determine f n * (S~t(k),I~t(l)) and optimum decision for the state vector (k,l)
End l End k END ("End of optimization process for n = 1 and t = T") Set n = n+1 and t = t-1 (if t = 1 then t-1 = T) Repeat until steady state conditions are met

APPLICATION
The case study on which the model is evaluated is the Table 1 presents the mean monthly inflows and water demands.
In this region, the flooding season consists of months 9, 10, 11, 12, 1 and 2 in accordance with the Iranian calendar, which correspond to December-May.
The FSDP model is applied to derive the operating rules in order to maximize the benefits resulted from hydropower generation while minimizing water supply shortages as well as flood damage risk. To evaluate the optimal policies obtained from the FSDP model, a fuzzy simulation model is used. Thirty-nine years of available historical inflow data in monthly periods are available and used in this study.
UTILITY FUNCTIONS AND FUZZY WEIGHTS
This paper introduces a set of subjective criteria in order to treat the imprecise objectives. To do so, the membership functions are defined in the form of preference-based functions. The preference-based membership functions or utility functions are constructed by eliciting the preference information from the decision-makers. The utility function enables decision-makers to incorporate the priority of different objectives in developing optimal operating policies. Generally the larger the criterion value, the more satisfaction in the water supply objective is achieved.
Also a quantitative criterion is defined for the hydropower objective (Figure 7) . The membership function related to this criterion is based on the assumption that satisfaction is proportional to the ratio between current production and maximum allowable production (c 3 ).
Other criteria may be considered for each objective, depending upon the case study (Cheng & Chau 2001 , 2002 Chaves & Kojiri 2003; Chen & Hou 2004; Fu 2008) .
The shape of each function is constructed based on the general and expert's knowledge about each criterion.
Although we do not intend to detail the formulation process of the membership functions here, it is important to mention that a better formulation of the functions will increase the chance of operational success. The functions must represent the desire of stakeholders and should be To obtain more appropriate membership functions, in addition to the experts, corresponding users and reservoir managers may be interviewed (Fontane et al. 1997) . In such cases, the interviewers' opinions may be relatively diverse.
The variability in opinions among the interviewers was investigated through distributions of the membership functions proposed by Owen et al. (1997) .
Also, of particular importance is the determination of the fuzzy weights corresponding to the subjective criteria.
The weights express a decision-maker's experience, knowledge and subjective judgment, and they concern the decision-making environment as well. In this study, the linguistic values shown in Figure 2 are used to evaluate the relative importance of the criteria. For the Karoon system, power production receives the highest priority. weight to the water supply objective compared to other objectives. Furthermore, the utility grade of the water supply objective is fairly low in the summer season.
The relatively poor grade is due to low inflows and high demands in summer. Also, the utility grade of the hydropower objective in the flood season is a little less than that in other seasons. This can be due to low storage levels in flood seasons. proposed model is flexible in the sense that the relative importance of criteria can be changed and so the degree of satisfaction of objectives can be adjusted as well.
It is believed that the proposed approach may facilitate the operation of multiobjective reservoirs where the information about economic values of the objectives is not available.
